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(57) ABSTRACT

In some 1implementations, an agent-assistance platform may
receive a first call stream. The agent-assistance platform
may 1dentify a first topic of the first call stream. The
agent-assistance platform may output, using a recommen-
dation model, one or more recommendations associated with
the first topic of the first call stream. The agent-assistance
platform may determine whether a recommendation, of the
one or more recommendations, 1s selected for inclusion in
the first call stream. The agent-assistance platform may
update the recommendation model with information indi-
cating whether the recommendation 1s selected for inclusion
in the first call stream. The agent-assistance platform may
receive a second call stream. The agent-assistance platform
may 1dentily a second topic of the second call stream, the
first topic being the same as the second topic. The agent-
assistance platform may selectively output, using the
updated recommendation model, the recommendation for
the second call stream.

20 Claims, 10 Drawing Sheets
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SYSTEMS AND METHODS FOR ADAPTIVE
COMPUTER-ASSISTANCE PROMPTS

BACKGROUND

A system may provide an interface to facilitate commu-
nication between two or more parties. For example, a chat
interface may facilitate textual communication. A chat inter-
face may be useful for communication between a user (e.g.,
a customer) and an agent, such as a chat bot, a customer
service agent, a technical support technician, and/or the like.
The system may provide the agent with recommendations to
tacilitate support of the user. For example, when a technical
support technician is troubleshooting a connectivity issue,
the system may guide the technical support technician on a
set of steps that the technical support technician and the user
can use for resolving the connectivity issue.

BRIEF DESCRIPTION OF THE DRAWINGS

FIGS. 1A-1F are diagrams of an example associated with
adaptive computer-assistance prompts.

FIG. 2 1s a diagram 1llustrating an example of traiming and
using a machine learning model 1n connection with systems
and methods for adaptive computer-assistance prompts.

FIG. 3 1s a diagram of an example environment in which
systems and/or methods described herein may be imple-
mented.

FIG. 4 1s a diagram of example components of a device
associated with adaptive computer-assistance prompts.

FIG. 5 1s a flowchart of an example process associated
with adaptive computer-assistance prompts.

DETAILED DESCRIPTION OF EXAMPL.
EMBODIMENTS

L]

The following detailed description of example implemen-
tations refers to the accompanying drawings. The same
reference numbers 1 different drawings may identity the
same or similar elements.

A chat interface may be used to facilitate communication
between participants. In some cases, the participants may
include a user of a user device (or a potential user, such as
a customer) and an agent. For example, a user may engage
the agent 1n the mterest of receiving a service (e.g., customer
service, technical support, sales, etc.). A system may support
the chat interface by providing a channel for textual com-
munication, voice communication, or video communication,
among other examples. The system may provide automated
assistance for the agent. For example, when the agent 1s a
technical support technician, the system may provide guid-
ance on how to resolve a particular issue. In this case, the
technical support technician may use an agent device to
search an 1ndex of 1ssues, 1dentify an 1ssue that a user 1s
having, and request that guidance for resolving the 1ssue be
provided for display. Similarly, a sales representative may
request and receive information 1dentifying a group of ofiers
for a customer, such as price information on different
SErvices.

However, searching for guidance may distract an agent
from communication with the user, which may result in the
agent missing important information that the user 1s provid-
ing. This may result 1n 1incorrect guidance being provided,
which may lengthen customer support calls and/or result in
an 1nability to correct issues with user devices. Accordingly,
a system may monitor a communication and automatically
provide recommendations. For example, the system may
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2

detect key words 1n the communication, such as “connec-
tivity 1ssue,” “new Internet service,” or “cancel service” and
automatically 1dentity and provide recommendations to the
agent of diflerence types of guidance that may be applicable
to the user. However, 1t has been observed that such recom-
mendations occur with a high frequency and sometimes
include erroneous recommendations (e.g., that are not rel-
evant to the user and the agent), and that the recommenda-
tions sometimes become a distraction to the agent, rather
than reducing distractions. Accordingly, some agents ignore
all recommendations that are provided, even when the
recommendations are applicable to an 1ssue that the user 1s
describing. This may result 1n excessively long communi-
cations, which may use network and/or system resources.
Moreover, Tailing to use the recommendations may result 1n
the agents failing to resolve issues that users are having,
which results 1n poor user device performance. Furthermore,
providing recommendations can be resource intensive, so it
may be desirable to only provide a recommendation when an
agent will use the recommendation.

Some 1implementations described herein provide an agent-
assistance platform that can analyze a usage of previously
provided recommendations to determine whether to provide
subsequent recommendations. For example, the agent-assis-
tance platform may suppress one or more recommendations
(or forgo 1dentifying the recommendations altogether) when
the agent-assistance platform predicts that the one or more
recommendations are seen as a distraction (rather than as
assistance) by an agent.

In this way, the agent-assistance platform reduces a usage
of system resources to provide recommendations by sup-
pressing recommendations that will not be used. Addition-
ally, or alternatively, the agent-assistance platform reduces
distractions between a user and an agent, which can reduce
a length of a communication, thereby reducing a usage of
system and/or network resources. Additionally, or alterna-
tively, by reducing a likelihood that agents view recommen-
dations as distractions, the agent-assistance platiform
improves a measured clickthrough rate (e.g., by ensuring
that recommendations that are provided are seen as useful),
thereby increasing a likelihood that an agent can resolve a
user’s 1ssue, which improves customer satisfaction and, in
the case that the user’s 1ssue relates to a user device, user
device performance.

FIGS. 1A-1F are diagrams of an example 100 associated
with adaptive computer-assistance prompts. As shown in
FIG. 1A, example 100 includes a set of user devices 110-1
through 110-N, an agent device 120, and an agent-assistance
plattorm 130. In some implementations, the agent-assistance
plattorm 130 may monitor a set of call streams 1350.

As further shown 1n FIG. 1A, the agent device 120 may
communicate with a user device 110. For example, the agent
device 120 may enable a textual conversation 152 between
a user of a user device 110 and an agent using the agent
device 120. In this case, the agent-assistance platiorm 130
may monitor the textual conversation 152 to identify rec-
ommendations, as described below. Additionally, or alter-
natively, the agent device 120 may enable an audio conver-
sation, video conversation, or virtual-reality conversation
between the user of a user device 110 and an agent using the
agent device 120. In this case, the agent-assistance platform
130 may use a voice-to-text functionality or other function-
ality to convert a conversation to a textual conversation for
processing to 1dentily recommendations, as described
below.

As further shown i FIG. 1A, and by reference number
154, the agent-assistance platform 130 may process a call
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stream to 1dentily a topic. For example, the agent-assistance
plattorm 130 may apply a natural language processing
technique to the textual conversation 152 to 1dentify a topic
of the textual conversation 152, such as i1dentitying a “Con-
nectivity Issue” topic based on a user indicating that the user
has experienced a “poor connection.” Additionally, or alter-
natively, the agent-assistance platform 130 may identify
another type of topic, such as a sales topic, a billing topic,
a battery life topic, a software topic, or a hardware topic,
among other examples. In some implementations, the agent-
assistance platform 130 may convert a call stream to a
textual format to identify a topic. For example, the agent-
assistance platform 130 may use a voice-to-text functional-
ity to convert an audio conversation to a textual conversation
to enable processing of the textual conversation using natu-
ral language processing. Additionally, or alternatively, the
agent-assistance platform 130 may apply natural language
processing directly to the audio conversation, such as by
using an artificial intelligence or neural network audio

processing functionality.

As shown 1n FIG. 1B, and by reference number 156, the
agent-assistance platform 130 may determine whether to
provide recommendations. For example, the agent-assis-
tance platform 130 may determine whether to provide a
recommendation based on a topic of the textual conversation
152. For example, when the agent-assistance platform 130
determines that the textual conversation 152 relates to a
“Connectivity Issue” topic, the agent-assistance platiorm
130 may use a recommendation model to evaluate previous
outcomes for providing recommendations for the “Connec-
tivity Issue” topic (e.g., using an artificial intelligence or
machine learning model to determine whether an agent
using the agent device 120 selected previously provided
recommendations or i1gnored previously provided recom-
mendations). In this case, based on determining that a
previously provided recommendation was selected by the
agent, the agent-assistance platform 130 may provide one or
more recommendations for the “Connectivity Issue” topic,
as shown by reference number 158.

As an example, as shown 1 FIG. 1D, the agent-assistance
platform 130 may store historical behavior data 1dentifying,
whether a recommendation on a topic was displayed (D) and
clicked (C) (DC) or displayed and not clicked (NC) (D-NC).
For example, as shown by diagram 190, when a first topic
(Topic-1) was 1dentified, a recommendation for the first
topic may have been displayed and clicked on a first
occurrence and displayed and not clicked on a second
through fifth occurrence. In contrast, for a second topic
(Topic-2), a recommendation for the second topic may have
been displayed and clicked for a first occurrence through a
fifth occurrence. In this case, the agent-assistance platform
130 may apply the recommendation model to the historical
behavior data to determine whether to display a recommen-
dation for an identified topic.

The agent-assistance platiorm 130 may use statistical
methods, machine learning, and/or artificial intelligence
applied to the historical behavior data to predict a likelihood
that an agent will click on a displayed recommendation, as
described 1n more detail below. In this case, 11 the likelihood
of the agent selecting a recommendation for inclusion 1n a
conversation (e.g., a likelihood that the agent clicks on the
recommendation to begin following instructions of the rec-
ommendation) satisfies a threshold, the agent-assistance
platform 130 may provide the recommendation for display.
In contrast, 1f the likelithood does not satisty the threshold,
the agent-assistance platform 130 may suppress the recom-
mendation. For example, the agent-assistance platform 130
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4

may not display the recommendation 1n the user interface,
thereby avoiding distracting the agent with a recommenda-
tion that the agent 1s determined to be unlikely to select
(even though the recommendation may be relevant).

In another example, rather than an artificial intelligence
model, the agent-assistance platform 130 may use an algo-
rithm to evaluate the historical behavior data. For example,
the agent-assistance platform 130 may determine that a
quantity of “DCs” 1n a previous 5 occurrences of a topic 1s
greater than zero, and may determine to provide the recom-
mendation for display. In contrast, 1n this example, if the
quantity of “DCs” 1n a previous 5 occurrences of the topic
1s zero, then the agent-assistance platform 130 may suppress
(e.g., Torgo) providing the recommendation for a period of
time. In this case, the agent-assistance platiorm 130 may log
that the topic was 1dentified but the recommendation was not
displayed. For example, as shown i FIG. 1E, and by
diagram 192, for a topic N, the agent-assistance platform
130 has logged that the agent-assistance platform 130 used
an algorithm (or artificial intelligence model) to reach a
“Don’t Display” (“DD”) determination for a sixth through
tenth occurrence of a topic.

In some implementations, after a threshold period of time
of not displaying a recommendation, the agent-assistance
plattorm 130 may return to displaying a recommendation.
For example, the agent-assistance platform 130 may use a
pertod during which a recommendation was not provided
(e.g., a quantity of conversations, a quantity of i1dentified
topics, an absolute amount of time) as a factor 1n evaluating
the artificial intelligence recommendation model for predict-
ing a likelthood that an agent will select a recommendation.
In other words, the longer that a period of time 1s from a
most recent instance of providing a recommendation on a
particular topic, the more likely that the recommendation
will be selected by an agent.

In some 1mplementations, the agent-assistance platform
130 may select a recommendation model from a set of
recommendation models. For example, agent-assistance
plattorm 130 may have recommendation models specific to
a particular agent, a particular user device type, a particular
time of day, a particular topic, or a particular recommenda-
tion, among other examples. In this case, the agent-assis-
tance platform 130 may determine that a first topic 1s
identified and may select a recommendation model relating
to analysis of clickthrough likelihood for the first topic.
Additionally, or alternatively, the agent-assistance platform
130 may have multiple topics combined in a single recom-
mendation model. In this case, the agent-assistance platform
130 may determine that a first topic 1s 1dentified and select
a recommendation model applicable to the first topic and
one or more second topics.

In another example, rather than an artificial intelligence
recommendation model, the agent-assistance platform 130
may use an algorithm to determine whether to return to
providing a recommendation for a particular topic after
determining not to display the recommendation. For
example, i a last 5 occurrences (or some other static
threshold or configured threshold) of a topic resulting 1n a
determination to not display a recommendation for the topic
(e.g., as shown 1 diagram 192 for topic N), the agent-
assistance platform 130 may return to providing the recom-
mendation 1n a next occurrence of a topic. In some 1mple-
mentations, as described above with regard to the
recommendation models, the agent-assistance plattorm 130
may have multiple algorithms. For example, the agent-
assistance platform 130 may have an algorithm specific to
using historical clickthrough data for a particular call agent
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or a group of common call agents (e.g., a cluster as described
below), among other examples.

In some 1implementations, the agent-assistance platform
130 may perform another action. For example, the agent-
assistance platform 130 may alter a manner 1n which a
recommendation 1s displayed based on a result of an artifi-
cial intelligence recommendation model or an algorithm. In
this case, rather than or in addition to displaying or sup-
pressing display of a recommendation, the agent-assistance
plattorm 130 may adjust textual characteristics of the rec-
ommendation, for example, a font or size of the recommen-
dation (e.g., to a less or more visible font or size), adjust a
type of user interface element used to display the recom-
mendation (e.g., a pop-up window, text within a chat box, an
audio alert), or adjust a recommendation that i1s selected
(e.g., when multiple recommendations are available for a
topic and a best recommendation has been skipped by an
agent a particular quantity of instances, the agent-assistance
platform 130 may switch to providing a second best recom-
mendation). In this way, the agent-assistance platform 130
can use clickthrough rate as a factor in determining an
accuracy ol recommendations and/or a best manner of
providing recommendations.

Returming to FIG. 1B, and as shown by reference number
160, the agent-assistance platform 130 may cause the one or
more recommendations to be displayed 1n a user interface of
the agent device 120 (or a user device 110, 1n some 1mple-
mentations). For example, with regard to diagram 190 of
FIG. 1D, when the agent-assistance platform 130 1dentifies
topic 1 for a third occurrence, the agent-assistance platform
130 may determine to provide the recommendation for topic
1 for display. As shown by reference numbers 162 and 164,
the agent using the agent device 120 may select (or not
select, as shown) the one or more recommendations, and the
agent-assistance platform 130 may recerve clickthrough data
(e.g., indicating whether the agent selected or did not select
the one or more recommendations). Based on receiving the
clickthrough data, the agent-assistance platform 130 may
update a recommendation model (e.g., the recommendation
model for the “Connectivity Issue” topic and/or for the
particular agent using the agent device 120). Additionally, or
alternatively, based on receiving the clickthrough data, the
agent-assistance platform 130 may update the algorithm
(c.g., by updating a table or other data structure, such as
shown 1n diagram 190 or diagram 192). The above-men-
tioned algorithms may be a form or a part of a recommen-
dation model, 1n some implementations. In other words,
using a recommendation model, as described herein, may
include evaluating an algorithm as described herein.

As shown 1n FIG. 1C, and by reference number 166, the
agent-assistance platform 130 may determine whether to
provide another one or more recommendations for another
textual conversation 168 between the agent device 120 and
a user device 110. For example, the agent-assistance plat-
form 130 may 1dentify another “Connectivity Issue™ topic
based on parsing the textual conversation 168 to identify a
set of key words “low si1gnal strength’ that correlate with the
“Connectivity Issue” topic. In this case, based on evaluating
the recommendation model (e.g., for the “Connectivity
Issue” topic and/or for the particular agent using the agent
device 120), the agent-assistance platform 130 may deter-
mine to suppress providing recommendations, as shown by
reference number 170, based on exceeding a threshold
likelihood that a recommendation will be skipped, based on
exceeding a threshold quantity of instances of skipping a
recommendation, or another factor. For example, as shown
in FIG. 1F, and by diagram 194, based on identifying topic
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1 for an eighth occurrence, the agent-assistance platform 130
may determine not to display recommendations for topic 1
based on a history of the agent not clicking on the recom-
mendations for topic 1. In this case, the agent-assistance
plattorm 130 may forgo identifying and transmitting rec-
ommendations for the “Connectivity Issue” topic to the
agent device 120 for a configured period of time (e.g., for up
to 5 consecutive occurrences, 1n one example). In this case,
alter expiration of the configured period of time, the agent-
assistance platform 130 may return to providing recommen-
dations for the “Connectivity Issue” topic. In this way, the
agent-assistance platform 130 selectively provides recom-
mendations (e.g., 1n some scenarios recommendations are
provided and in other scenarios recommendations are not
provided.

Furthermore, the agent-assistance platform 130 uses arti-
ficial intelligence and/or algorithmic analysis of historical
recommendation data to optimize clickthrough rates (e.g.,
ensure that recommendations, which are predicted to be
ignored by agents, are suppressed and recommendations that
are predicted to be selected by agents are provided). By
optimizing (e.g., improving) clickthrough rate, the agent-
assistance platform 130 reduces an average handle time of
an interaction between an agent and a user, thereby con-
serving processing and network resources while improving
both agent and user satisfaction.

As 1indicated above, FIGS. 1A-1F are provided as an
example. Other examples may differ from what 1s described
with regard to FIGS. 1A-1F. The number and arrangement of
devices shown 1n FIGS. 1A-1F are provided as an example.
In practice, there may be additional devices, fewer devices,
different devices, or differently arranged devices than those
shown 1in FIGS. 1A-1F. Furthermore, two or more devices
shown 1n FIGS. 1A-1F may be implemented within a single
device, or a single device shown i FIGS. 1A-1F may be
implemented as multiple, distributed devices. Additionally,
or alternatively, a set of devices (e.g., one or more devices)
shown 1 FIGS. 1A-1F may perform one or more functions
described as being performed by another set of devices
shown 1 FIGS. 1A-1F.

FIG. 2 1s a diagram 1llustrating an example 200 of training,
and using a machine learning model in connection with
systems and methods for adaptive computer-assistance
prompts. The machine learning model training and usage
described herein may be performed using a machine learn-
ing system. The machine learning system may include or
may be included 1n a computing device, a server, a cloud
computing environment, or the like, such as the agent-
assistance platform 130 or the agent-assistance platiform
301, among other examples described in more detail else-
where herein.

As shown by reference number 205, a machine learning
model may be trained using a set of observations. The set of
observations may be obtained from training data (e.g.,
historical data), such as data gathered during one or more
processes described herein. In some implementations, the
machine learning system may receive the set of observations
(e.g., as 1nput) from an agent device as described elsewhere
herein.

As shown by reference number 210, the set of observa-
tions may include a feature set. The feature set may include
a set of variables, and a variable may be referred to as a
feature. A specific observation may include a set of variable
values (or feature values) corresponding to the set of vari-
ables. In some implementations, the machine learning sys-
tem may determine variables for a set of observations and/or
variable values for a specific observation based on input
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received from an agent device. For example, the machine
learning system may 1dentify a feature set (e.g., one or more
features and/or feature values) by extracting the feature set
from structured data, by performing natural language pro-
cessing to extract the feature set from unstructured data,
and/or by receiving mput from an operator.

As an example, a feature set for a set of observations may
include a first feature of a topic, a second feature of an agent,
a third feature of a recommendation, and so on. As shown,
for a first observation, the first feature may have a value of
“Connectivity”, the second feature may have a value of
“Agent 17, the third feature may have a value of “Connec-
tivity Flow 17, and so on. These features and feature values
are provided as examples, and may difler in other examples.
For example, the feature set may include one or more of the
following features: time of day, historical clickthrough data,
agent device type, user device type, or received agent
teedback, among other examples.

As shown by reference number 215, the set of observa-
tions may be associated with a target variable. The target
variable may represent a variable having a numeric value,
may represent a variable having a numeric value that falls
within a range of values or has some discrete possible
values, may represent a variable that 1s selectable from one
of multiple options (e.g., one of multiples classes, classifi-
cations, or labels) and/or may represent a variable having a
Boolean value. A target variable may be associated with a
target variable value, and a target vaniable value may be
specific to an observation. In example 200, the target vari-
able 1s clickthrough (e.g., whether an agent 1s predicted to
click on a recommendation that 1s provided), which has a
value of “Yes” for the first observation.

The feature set and target variable described above are
provided as examples, and other examples may differ from
what 1s described above. For example, other target variables
may include a clickthrough likelihood or a suggested rec-
ommendation, among other examples.

The target variable may represent a value that a machine
learning model 1s being trained to predict, and the feature set
may represent the variables that are mput to a tramned
machine learning model to predict a value for the target
variable. The set of observations may include target variable
values so that the machine learning model can be trained to
recognize patterns in the feature set that lead to a target
variable value. A machine learning model that 1s trained to
predict a target variable value may be referred to as a
supervised learning model.

In some implementations, the machine learning model
may be trained on a set of observations that do not include
a target variable. This may be referred to as an unsupervised
learning model. In this case, the machine learning model
may learn patterns from the set of observations without
labeling or supervision, and may provide output that indi-
cates such patterns, such as by using clustering and/or
association to identily related groups of items within the set
ol observations.

As shown by reference number 220, the machine learning
system may train a machine learning model using the set of
observations and using one or more machine learning algo-
rithms, such as a regression algorithm, a decision tree
algorithm, a neural network algorithm, a k-nearest neighbor
algorithm, a support vector machine algorithm, or the like.
For example, the machine learning system may use a deci-
sion tree algorithm to determine whether to display a rec-
ommendation based on whether a previous one or more
recommendations were selected by, for example, a particular
agent. Additionally, or alternatively, the machine learning
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system may use the support vector machine algorithm to
classity an agent into a group of agents for which historical
data may be pooled. In other words, the clickthrough rate of
a first agent, 1n an i1dentified group or cluster, may ailect
whether a recommendation 1s transmitted for display to a
second agent in the identified group or cluster. In this way,
the machine learning system may improve predictions by
enabling pooling of historical data to perform more accurate
predictions than 1f each agent 1s evaluated separately. After
training, the machine learning system may store the machine
learning model as a trained machine learning model 225 to
be used to analyze new observations.

As an example, the machine learning system may obtain
training data for the set of observations based on stored log
data from a set of conversations between a set of agents and
users. The log data may be analyzed to determine occur-
rences ol topics, recommendations that were displayed for
the topics, and clickthrough results for the recommenda-
tions. In this case, other contextual data may be correlated
with the log data, such as which agent was involved 1n each
conversation, at what time the conversation occurred, or a
classification of a dificulty of a problem (e.g., a more
difficult problem may correlate to a higher clickthrough
likelihood than an easier problem, which the agent may be
able to resolve without using a recommendation), among
other examples.

As shown by reference number 230, the machine learning
system may apply the trained machine learning model 225
to a new observation, such as by receiving a new observation
and inputting the new observation to the trained machine
learning model 225. As shown, the new observation may
include a first feature of a “Topic,” a second feature of an
“Agent,” a third feature of a “Recommendation,” and so on,
as an example. The machine learming system may apply the
trained machine learning model 225 to the new observation
to generate an output (e.g., a result). The type of output may
depend on the type of machine learning model and/or the
type of machine learning task being performed. For
example, the output may include a predicted value of a target
variable, such as when supervised learming 1s employed.
Additionally, or alternatively, the output may include infor-
mation that identifies a cluster to which the new observation
belongs and/or information that indicates a degree of simi-
larity between the new observation and one or more other
observations, such as when unsupervised learning 1is
employed.

As an example, the tramned machine learning model 225
may predict a value of “No” for the target variable of
“Clickthrough”™ for the new observation, as shown by ret-
erence number 235. Based on this prediction, the machine
learning system may provide a first recommendation, may
provide output for determination of a first recommendation,
may perform a {first automated action, and/or may cause a
first automated action to be performed (e.g., by structing
another device to perform the automated action), among
other examples. The first recommendation may include, for
example, suppressing display of a recommendation. The first
automated action may include, for example, forgoing 1den-
tifying the recommendation and/or transmitting information
identifying the recommendation to the agent device for
display for a new call stream with a common topic (e.g., the
same topic from which the machine learning system gener-
ated a prediction).

As another example, 11 the machine learning system were
to predict a value of “Yes” for the target variable of
“Clickthrough,” then the machine learning system may
provide a second (e.g., different) recommendation (e.g., to
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identily and provide the recommendation) and/or may per-
form or cause performance of a second (e.g., different)
automated action (e.g., identifying the recommendation and
transmitting information identifying the recommendation).

In some implementations, the trained machine learning
model 225 may classily (e.g., cluster) the new observation
in a cluster, as shown by reference number 240. The obser-
vations within a cluster may have a threshold degree of
similarity. As an example, 1f the machine learming system
classifies a new observation 1n a first cluster (e.g., a first
grouping of agents), then the machine learning system may
provide a first recommendation, such as to pool historical
data for agents in the first grouping of agents for use 1n
determining whether to provide a recommendation.

In some 1mplementations, the recommendation and/or the
automated action associated with the new observation may
be based on a target variable value having a particular label
(c.g., classification or categorization), may be based on
whether a target variable value satisfies one or more thresh-
old (e.g., whether the target variable value 1s greater than a
threshold, 1s less than a threshold, 1s equal to a threshold,
talls within a range of threshold values, or the like), and/or
may be based on a cluster in which the new observation 1s
classified.

In some implementations, the trained machine learning
model 225 may be re-trained using feedback information.
For example, feedback may be provided to the machine
learning model. The feedback may be associated with
actions performed based on the recommendations provided
by the trained machine learning model 225 and/or automated
actions performed, or caused, by the trained machine learn-
ing model 225. In other words, the recommendations and/or
actions output by the trained machine learning model 2235
may be used as inputs to re-train the machine learning model
(e.g., a feedback loop may be used to train and/or update the
machine learning model). For example, the feedback infor-
mation may include further clickthrough data.

In this way, the machine learning system may apply a
rigorous and automated process to controlling recommen-
dation systems used, for example, for user-support conver-
sations. The machine learning system may enable recogni-
tion and/or identification of tens, hundreds, thousands, or
millions of features and/or feature values for tens, hundreds,
thousands, or millions of observations, thereby increasing
accuracy and consistency and reducing delay associated
with clickthrough predictions relative to requiring comput-
ing resources to be allocated for tens, hundreds, or thousands
of operators to manually predict clickthrough using the
features or feature values.

As indicated above, FIG. 2 1s provided as an example.
Other examples may differ from what 1s described 1n con-
nection with FIG. 2.

FIG. 3 1s a diagram of an example environment 300 in
which systems and/or methods described herein may be
implemented. As shown in FIG. 3, environment 300 may
include an agent-assistance platiorm 301, which may
include one or more elements of and/or may execute within
a cloud computing system 302. The cloud computing system
302 may include one or more elements 303-312, as
described 1n more detail below. As further shown 1n FIG. 3,
environment 300 may include a network 320, a user device
330 or an agent device 340. Devices and/or elements of
environment 300 may interconnect via wired connections
and/or wireless connections.

The cloud computing system 302 may include computing
hardware 303, a resource management component 304, a
host operating system (OS) 305, and/or one or more virtual
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computing systems 306. The cloud computing system 302
may execute on, for example, an Amazon Web Services
platform, a Microsoit Azure platiform, or a Snowflake plat-
form. The resource management component 304 may per-
form virtualization (e.g., abstraction) of computing hard-
ware 303 to create the one or more virtual computing
systems 306. Using virtualization, the resource management
component 304 enables a single computing device (e.g., a
computer or a server) to operate like multiple computing
devices, such as by creating multiple 1solated virtual com-
puting systems 306 from computing hardware 303 of the
single computing device. In this way, computing hardware
303 can operate more eiliciently, with lower power con-
sumption, higher reliability, higher availability, higher uti-
lization, greater flexibility, and lower cost than using sepa-
rate computing devices.

The computing hardware 303 may include hardware and
corresponding resources from one or more computing
devices. For example, computing hardware 303 may include
hardware from a single computing device (e.g., a single
server) or from multiple computing devices (e.g., multiple
servers ), such as multiple computing devices 1n one or more
data centers. As shown, computing hardware 303 may
include one or more processors 307, one or more memories
308, and/or one or more networking components 309.
Examples of a processor, a memory, and a networking
component (e.g., a communication component) are
described elsewhere herein.

The resource management component 304 may include a
virtualization application (e.g., executing on hardware, such
as computing hardware 303) capable of virtualizing com-
puting hardware 303 to start, stop, and/or manage one or
more virtual computing systems 306. For example, the
resource management component 304 may include a hyper-
visor (e.g., a bare-metal or Type 1 hypervisor, a hosted or
Type 2 hypervisor, or another type of hypervisor) or a virtual
machine monitor, such as when the virtual computing sys-
tems 306 are virtual machines 310. Additionally, or alterna-
tively, the resource management component 304 may
include a container manager, such as when the virtual
computing systems 306 are containers 311. In some 1mple-
mentations, the resource management component 304
executes within and/or 1n coordination with a host operating
system 305.

A virtual computing system 306 may include a virtual
environment that enables cloud-based execution of opera-
tions and/or processes described herein using computing
hardware 303. As shown, a virtual computing system 306
may 1nclude a virtual machine 310, a contamner 311, or a
hybrid environment 312 that includes a virtual machine and
a container, among other examples. A virtual computing
system 306 may execute one or more applications using a
file system that includes binary files, software libraries,
and/or other resources required to execute applications on a
guest operating system (e.g., within the virtual computing
system 306) or the host operating system 305.

Although the agent-assistance platform 301 may include
one or more elements 303-312 of the cloud computing
system 302, may execute within the cloud computing system
302, and/or may be hosted within the cloud computing
system 302, 1n some 1mplementations, the agent-assistance
platform 301 may not be cloud-based (e.g., may be 1imple-
mented outside of a cloud computing system) or may be
partially cloud-based. For example, the agent-assistance
platform 301 may include one or more devices that are not
part of the cloud computing system 302, such as device 300
of FIG. 3, which may include a standalone server or another
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type of computing device. The agent-assistance platform
301 may perform one or more operations and/or processes
described 1n more detail elsewhere herein.

The network 320 may include one or more wired and/or
wireless networks. For example, the network 320 may
include a cellular network, a public land mobile network
(PLMN), a local area network (LLAN), a wide area network
(WAN), a private network, the Internet, and/or a combina-
tion of these or other types of networks. The network 320
enables communication among the devices of the environ-
ment 300.

The user device 330 may include one or more devices
capable of receiving, generating, storing, processing, and/or
providing information associated with a conversation, as
described elsewhere herein. The user device 330 may cor-
respond to the user device 110, described above. The user
device 330 may include a communication device and/or a
computing device. For example, the user device 330 may
include a wireless communication device, a mobile phone, a
user equipment, a laptop computer, a tablet computer, a
desktop computer, a gaming console, a set-top box, a wear-
able communication device (e.g., a smart wristwatch, a pair
of smart eyeglasses, a head mounted display, or a virtual
reality headset), or a similar type of device.

The agent device 340 may include one or more devices
capable of receiving, generating, storing, processing, and/or
providing information associated with a conversation, as
described elsewhere herein. The agent device 340 may
correspond to the agent device 120 described above. The
agent device 340 may include a communication device
and/or a computing device. For example, the agent device
340 may include a wireless communication device, a mobile
phone, a user equipment, a laptop computer, a tablet com-
puter, a desktop computer, a gaming console, a set-top box,
a wearable communication device (e.g., a smart wristwatch,
a pair of smart eyeglasses, a head mounted display, or a
virtual reality headset), or a similar type of device.

The number and arrangement of devices and networks
shown 1n FIG. 3 are provided as an example. In practice,
there may be additional devices and/or networks, fewer
devices and/or networks, different devices and/or networks,
or differently arranged devices and/or networks than those
shown 1n FIG. 3. Furthermore, two or more devices shown
in FIG. 3 may be implemented within a single device, or a
single device shown in FIG. 3 may be immplemented as
multiple, distributed devices. Additionally, or alternatively, a
set of devices (e.g., one or more devices) of the environment
300 may perform one or more functions described as being
performed by another set of devices of the environment 300.

FIG. 4 1s a diagram of example components of a device
400 associated with adaptive computer-assistance prompts.
The device 400 may correspond to agent-assistance platform
301, user device 330, and/or agent device 340. In some
implementations, agent-assistance platiorm 301, user device
330, and/or agent device 340 may include one or more
devices 400 and/or one or more components of the device
400. As shown 1n FIG. 4, the device 400 may include a bus
410, a processor 420, a memory 430, an input component
440, an output component 450, and/or a communication
component 460.

The bus 410 may include one or more components that
enable wired and/or wireless communication among the
components of the device 400. The bus 410 may couple
together two or more components ol FIG. 4, such as via
operative coupling, communicative coupling, electronic
coupling, and/or electric coupling. For example, the bus 410
may include an electrical connection (e.g., a wire, a trace,

10

15

20

25

30

35

40

45

50

55

60

65

12

and/or a lead) and/or a wireless bus. The processor 420 may
include a central processing unit, a graphics processing unit,
a microprocessor, a controller, a microcontroller, a digital
signal processor, a field-programmable gate array, an appli-
cation-specific integrated circuit, and/or another type of
processing component. The processor 420 may be 1mple-
mented 1n hardware, firmware, or a combination of hardware
and software. In some implementations, the processor 420
may 1nclude one or more processors capable of being
programmed to perform one or more operations or Processes
described elsewhere herein.

The memory 430 may include volatile and/or nonvolatile
memory. For example, the memory 430 may include random
access memory (RAM), read only memory (ROM), a hard
disk drive, and/or another type of memory (e.g., a flash
memory, a magnetic memory, and/or an optical memory).
The memory 430 may include internal memory (e.g., RAM,
ROM, or a hard disk drive) and/or removable memory (e.g.,
removable via a umiversal serial bus connection). The
memory 430 may be a non-transitory computer-readable
medium. The memory 430 may store imnformation, one or
more instructions, and/or soitware (e.g., one or more soft-
ware applications) related to the operation of the device 400.
In some implementations, the memory 430 may include one
or more memories that are coupled (e.g., communicatively
coupled) to one or more processors (e.g., processor 420),
such as via the bus 410. Communicative coupling between
a processor 420 and a memory 430 may enable the processor
420 to read and/or process information stored in the memory
430 and/or to store information in the memory 430.

The mput component 440 may enable the device 400 to
receive input, such as user input and/or sensed 1put. For
example, the input component 440 may include a touch
screen, a keyboard, a keypad, a mouse, a button, a micro-
phone, a switch, a sensor, a global positioning system sensor,
an accelerometer, a gyroscope, and/or an actuator. The
output component 450 may enable the device 400 to provide
output, such as via a display, a speaker, and/or a light-
emitting diode. The communication component 460 may
enable the device 400 to communicate with other devices via
a wired connection and/or a wireless connection. For
example, the communication component 460 may include a
recelver, a transmitter, a transceiver, a modem, a network
interface card, and/or an antenna.

The device 400 may perform one or more operations or
processes described herein. For example, a non-transitory
computer-readable medium (e.g., memory 430) may store a
set of mstructions (e.g., one or more structions or code) for
execution by the processor 420. The processor 420 may
execute the set of instructions to perform one or more
operations or processes described herein. In some 1mple-
mentations, execution of the set of instructions, by one or
more processors 420, causes the one or more processors 420
and/or the device 400 to perform one or more operations or
processes described herein. In some implementations, hard-
wired circuitry may be used instead of or in combination
with the instructions to perform one or more operations or
processes described herein. Additionally, or alternatively,
the processor 420 may be configured to perform one or more
operations or processes described herein. Thus, implemen-
tations described herein are not limited to any specific
combination of hardware circuitry and software.

The number and arrangement of components shown 1n
FIG. 4 are provided as an example. The device 400 may
include additional components, fewer components, different
components, or differently arranged components than those
shown i FIG. 4. Additionally, or alternatively, a set of
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components (e.g., one or more components) of the device
400 may perform one or more functions described as being
performed by another set of components of the device 400.

FIG. 5 1s a flowchart of an example process 500 associ-
ated with adaptive computer-assistance prompts. In some
implementations, one or more process blocks of FIG. 5 may
be performed by an agent-assistance platform (e.g., agent-
assistance platform 130 or 301). In some 1implementations,
one or more process blocks of FIG. 5 may be performed by
another device or a group of devices separate from or
including the agent-assistance platform, such as a user
device (e.g., user device 110 or 330) and/or an agent device
(c.g., agent device 120 or 340). Additionally, or alterna-
tively, one or more process blocks of FIG. 5 may be
performed by one or more components of device 400, such
as processor 420, memory 430, input component 440, output
component 450, and/or communication component 460.

As shown 1n FIG. 5, process 500 may include receiving a
first call stream (block 510). For example, the agent-assis-
tance platform may receive a first call stream, as described
above.

In some 1mplementations, process 500 includes process-
ing audio of the first call stream to generate a text stream,
and 1dentitying the first topic comprises identitying the first
topic based on the text stream. In some implementations,
process 500 includes processing video of the first call stream
to generate a text stream, and identifying the {first topic
comprises 1dentifying the first topic based on the text stream.

As further shown i FIG. 5, process 500 may include
identifying a first topic of the first call stream (block 520).
For example, the agent-assistance platform may i1dentily a
first topic of the first call stream, as described above. In some
implementations, each topic, of a set of topics including the
first topic, 1s associated with a separate recommendation
model of a set of recommendation models including the
recommendation model.

As further shown i FIG. 3, process 500 may include
outputting, using a recommendation model, one or more
recommendations associated with the first topic of the first
call stream (block 3530). For example, the agent-assistance
platform may output, using a recommendation model, one or
more recommendations associated with the first topic of the
first call stream, as described above. In some 1mplementa-
tions, the recommendation model 1s associated with the first
topic and at least one other topic of a set of topics. In some
implementations, identifying the first topic comprises 1den-
tifying the first topic based on natural language processing,
ol a text stream.

As further shown i FIG. 3, process 500 may include
determining whether a recommendation, of the one or more
recommendations, 1s selected for inclusion in the first call
stream (block 340). For example, the agent-assistance plat-
form may determine whether a recommendation, of the one
or more recommendations, 1s selected for inclusion in the
first call stream, as described above. In some 1mplementa-
tions, determining whether the recommendation 1s selected
comprises determining that the recommendation 1s not
selected for inclusion 1n the first call stream, and selectively
outputting the recommendation comprises suppressing the
recommendation.

As further shown i FIG. 3, process 500 may include
updating the recommendation model with imformation indi-
cating whether the recommendation 1s selected for inclusion
in the first call stream (block 550). For example, the agent-
assistance platform may update the recommendation model
with information indicating whether the recommendation 1s
selected for inclusion in the first call stream, as described
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above. In some implementations, the recommendation
model 1s specific to a particular call agent. In some 1mple-
mentations, the recommendation model 1s common to a
plurality of agents. In some implementations, the recom-
mendation model 1s based on a static threshold. In some
implementations, the recommendation model 1s associated
with a machine learning prediction. In some 1mplementa-
tions, process 500 includes receiving agent feedback regard-
ing the one or more recommendations, and updating the
recommendation model comprises updating the recommen-
dation model based on the agent feedback. In some 1mple-
mentations, the recommendation model 1s trained to opti-
mize clickthrough rate on provided recommendations.

As further shown in FIG. 3, process 5300 may include
receiving a second call stream (block 560). For example, the
agent-assistance platform may receive a second call stream,
as described above.

As further shown in FIG. 3, process 500 may include
identifving a second topic of the second call stream, the first
topic being the same as the second topic (block 570). For
example, the agent-assistance platform may i1dentify a sec-
ond topic of the second call stream, the first topic being the
same as the second topic, as described above.

As further shown in FIG. 3§, process 500 may include
selectively outputting, using the updated recommendation
model, the recommendation for the second call stream
(block 580). For example, the agent-assistance platform may
selectively output, using the updated recommendation
model, the recommendation for the second call stream, as
described above.

In some 1implementations, process 300 includes determin-
ing, using the recommendation model, that recommenda-
tions have been skipped from inclusion 1 a set of call
streams, and suppressing all recommendations for a config-
ured period of time. In some implementations, process 500
includes determining that the configured period of time has
clapsed, and returning to providing recommendations based
on determining that the configured period of time has
clapsed. In some implementations, process 500 includes
determining a correlation between recommendation selec-
tion frequency and inclusion of recommendations in call
streams, and selectively outputting the recommendation
comprises selectively outputting the recommendation based
on the correlation.

Although FIG. § shows example blocks of process 500, 1n
some 1mplementations, process 500 may include additional
blocks, fewer blocks, different blocks, or differently
arranged blocks than those depicted 1n FIG. 5. Additionally,
or alternatively, two or more of the blocks of process 500
may be performed in parallel.

As used herein, the term “component™ 1s 1ntended to be
broadly construed as hardware, firmware, or a combination
of hardware and software. It will be apparent that systems
and/or methods described herein may be implemented 1n
different forms of hardware, firmware, and/or a combination
of hardware and software. The actual specialized control
hardware or software code used to implement these systems
and/or methods 1s not limiting of the implementations. Thus,
the operation and behavior of the systems and/or methods
are described herein without reference to specific software
code—it being understood that software and hardware can
be used to implement the systems and/or methods based on
the description herein.

As used herein, satisiying a threshold may depending on
the context, refer to a value being greater than the threshold,
greater than or equal to the threshold, less than the threshold,
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less than or equal to the threshold, equal to the threshold, not
equal to the threshold, or the like.

To the extent the aforementioned implementations collect,
store, or employ personal information of individuals, 1t
should be understood that such information shall be used 1n
accordance with all applicable laws concerning protection of
personal information. Additionally, the collection, storage,
and use of such information can be subject to consent of the
individual to such activity, for example, through well known
“opt-1n” or “opt-out” processes as can be appropriate for the
situation and type of information. Storage and use of per-
sonal information can be 1n an appropriately secure manner
reflective of the type of information, for example, through
various encryption and anonymization techniques for par-
ticularly sensitive information.

Even though particular combinations of features are
recited in the claims and/or disclosed in the specification,
these combinations are not intended to limit the disclosure of
various 1mplementations. In fact, many of these features
may be combined 1n ways not specifically recited in the
claims and/or disclosed in the specification. Although each
dependent claim listed below may directly depend on only
one claim, the disclosure of wvarious implementations
includes each dependent claim in combination with every
other claim in the claim set. As used herein, a phrase
referring to “at least one of” a list of items refers to any
combination of those items, including single members. As
an example, “at least one of: a, b, or ¢” 1s intended to cover
a, b, ¢, a-b, a-c, b-c, and a-b-c, as well as any combination
with multiple of the same item.

No element, act, or instruction used herein should be
construed as critical or essential unless explicitly described
as such. Also, as used herein, the articles “a” and ““‘an” are
intended to include one or more items, and may be used
interchangeably with “one or more.” Further, as used herein,
the article “the” 1s intended to include one or more items
referenced in connection with the article “the” and may be
used interchangeably with “the one or more.” Furthermore,
as used herein, the term “set” 1s intended to include one or
more items (e.g., related i1tems, unrelated 1tems, or a com-
bination of related and unrelated items), and may be used
interchangeably with “one or more.” Where only one 1tem 1s
intended, the phrase “only one” or similar language 1s used.
Also, as used herein, the terms “has,” “have,” “having,” or
the like are intended to be open-ended terms. Further, the
phrase “based on” 1s intended to mean “‘based, at least in
part, on” unless explicitly stated otherwise. Also, as used
herein, the term “or” 1s intended to be inclusive when used
in a series and may be used interchangeably with “and/or,”
unless explicitly stated otherwise (e.g., if used in combina-
tion with “either” or “only one of”).

In the preceding specification, various example embodi-
ments have been described with reference to the accompa-
nying drawings. It will, however, be evident that various
modifications and changes may be made thereto, and addi-
tional embodiments may be implemented, without departing
from the broader scope of the invention as set forth in the
claims that follow. The specification and drawings are
accordingly to be regarded in an illustrative rather than
restrictive sense.

What 1s claimed 1s:
1. A method, comprising:
receiving, by an agent-assistance platform, a first call

stream;
identifying, by the agent-assistance platform, a first topic

of the first call stream;
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outputting, by the agent-assistance platform and using a
recommendation model, one or more recommendations
associated with the first topic of the first call stream:;

determiming, by the agent-assistance platform, whether a
recommendation, of the one or more recommendations,
1s selected by an agent for inclusion in the first call
stream;

updating, by the agent-assistance platform, the recom-
mendation model with information indicating whether
the recommendation 1s selected for inclusion in the first
call stream:;

identifving, by the agent-assistance platform, a quantity of

times the recommendation was selected for inclusion
and clicked;

receiving, by the agent-assistance platform, a second call

stream;

identifying, by the agent-assistance platform, a second

topic of the second call stream, the first topic being a
same as the second topic; and

selectively outputting, by the agent-assistance platiorm,

based on the quantity of times the recommendation was
selected for inclusion and clicked, and using the
updated recommendation model, the recommendation
for the second call stream.

2. The method of claim 1, wherein determining whether
the recommendation 1s selected comprises:

determiming that the recommendation 1s not selected for

inclusion in the first call stream; and

wherein selectively outputting the recommendation com-

Prises:
suppressing the recommendation.
3. The method of claim 1, further comprising:
determining, using the recommendation model, that rec-
ommendations have been skipped from inclusion in a
set of call streams; and

suppressing all recommendations for a configured period

of time.

4. The method of claim 3, further comprising:

determiming that the configured period of time has

clapsed; and

returning to providing recommendations based on deter-

mining that the configured period of time has elapsed.

5. The method of claim 1, further comprising;:

determining a correlation between recommendation selec-

tion frequency and inclusion of recommendations in
call streams; and

wherein selectively outputting the recommendation com-

Prises:
selectively outputting the recommendation based on
the correlation.

6. The method of claim 1, wherein each topic, of a set of
topics including the first topic, 1s associated with a separate
recommendation model of a set of recommendation models
including the recommendation model.

7. The method of claim 1, wherein the recommendation
model 1s associated with the first topic and at least one other
topic of a set of topics.

8. An agent-assistance platform, comprising:

one or more processors configured to:

recerve a call stream:;

identify a topic of the call stream;

identily a quantity of times a recommendation was
selected for inclusion and clicked:

determine, using a recommendation model, whether to
provide one or more recommendations associated
with the topic of the call stream, the recommendation
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model being based on a measured clickthrough rate

for previous recommendations provided for the topic

of the call stream,

wherein the measured clickthrough rate 1s deter-
mined based on the quantity of times a recom-
mendation was selected; and

selectively output the one or more recommendations

for the call stream based on determining whether to

provide the one or more recommendations.

9. The agent-assistance platform of claim 8, wherein the
one or more processors are further configured to:

processing audio of the call stream to generate a text

stream; and

wherein the one or more processors, to 1dentily the topic,

are configured to:
identify the topic based on the text stream.

10. The agent-assistance platform of claim 8, wherein the
one or more processors are further configured to:

processing video of the call stream to generate a text

stream; and

wherein the one or more processors, to 1dentily the topic,

are configured to:
identify the topic based on the text stream.

11. The agent-assistance platform of claim 8, wherein the
one or more processors, to 1dentify the topic, are configured
to:

identify the topic based on natural language processing of

a text stream.

12. A non-transitory computer-readable medium storing a
set of mstructions, the set of mstructions comprising;

one or more instructions that, when executed by one or

more processors of an agent-assistance platform, cause

the agent-assistance platform to:

receive data regarding a set of call streams having a
common topic associated with a common set of
recommendations;

identify a quantity of times a recommendation of the
common set of recommendations was selected for
inclusion and clicked;

determining a clickthrough rate on the common set of
recommendations based on identifying the quantity
of times;

receive a new call stream associated with the common
topic;

determine, using a recommendation model, whether to
output the common set of recommendations based

10

15

20

25

30

35

40

on the clickthrough rate on the common set of 4

recommendations; and

18

selectively output the common set of recommendations
based on determining whether to output the common
set of recommendations.

13. The non-transitory computer-readable medium of
claim 12, wherein the one or more 1nstructions further cause
the agent-assistance platform to:

determine that the set of recommendations 1s not selected

for inclusion in the new call stream; and

suppress the recommendation for a subsequent call

stream.

14. The non-transitory computer-readable medium of
claim 12, wherein the one or more 1nstructions further cause
the agent-assistance platform to:

determine, based on the clickthrough rate, that recom-

mendations have been skipped from inclusion 1n a set
of call streams; and

suppress all recommendations for a configured period of

time.

15. The non-transitory computer-readable medium of
claim 12, wherein the recommendation model 1s specific to
a particular call agent.

16. The non-transitory computer-readable medium of
claim 12, wherein the recommendation model 1s common to
a plurality of agents.

17. The non-transitory computer-readable medium of
claim 12, wherein the recommendation model 1s based on a
static threshold.

18. The non-transitory computer-readable medium of
claim 12, wherein the recommendation model 1s associated
with a machine learning prediction.

19. The non-transitory computer-readable medium of
claim 12, wherein the one or more 1nstructions further cause
the agent-assistance platform to:

receive agent feedback regarding the set of recommen-

dations; and

wherein the one or more instructions, that cause the

agent-assistance platform to update the recommenda-

tion model, cause the agent-assistance platform to:
update the recommendation model based on the agent

feedback.

20. The non-transitory computer-readable medium of
claim 12, wherein the recommendation model 1s trained to

optimize clickthrough rate on provided recommendations.
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